Although brands have increased their promotional spending substantially in many categories over the past decade, panel-based research into consumer stockpiling behavior typically has assumed that consumers' decisions regarding whether and how much to purchase have remained invariant to this increase. The authors develop a varying parameter model of purchase incidence and purchase quantity to ascertain whether this increase in promotions has affected households' stockpiling decisions in the long term. The authors estimate the model on the basis of more than eight years of panel data for a frequently purchased, nonfood, consumer packaged-goods product. The results suggest that consumers' stockpiling behavior has changed over the years. The increased long-term exposure of households to promotions has reduced their likelihood of making category purchases on subsequent shopping trips. However, when households do decide to buy, they tend to buy more of a good. Such behavior is indicative of an increasing tendency to "lie in wait" for especially good promotions. This change appears to have some deleterious ramifications for category profitability. In spite of the substantial, temporary increase in household purchases attributable to the use of promotions, there are concerns that such promotions might have a differing long-term effect. For example, in categories in which promotions have become frequent, consumers might learn to anticipate future deals. This particular scenario suggests that (1) a particular promotional event induces a household to stockpile2 on a given purchase occasion (short-term effect), followed by (2) the promotion's long-term, negative effect, which is manifested as an increased probability that the household waits for another promotion before buying on subsequent purchase occasions.
In spite of the substantial, temporary increase in household purchases attributable to the use of promotions, there are concerns that such promotions might have a differing long-term effect. For example, in categories in which promotions have become frequent, consumers might learn to anticipate future deals. This particular scenario suggests that (1) a particular promotional event induces a household to stockpile2 on a given purchase occasion (short-term effect), followed by (2) the promotion's long-term, negative effect, which is manifested as an increased probability that the household waits for another promotion before buying on subsequent purchase occasions.
Consistent with the spirit of the foregoing example, we define a short-term promotional effect as an immediate response to a promotion on a particular shopping visit (single point in time). In contrast, a long-term effect refers to the cumulative effect of previous promotional exposures (over quarters or years) on a consumer's current, or short-term, decision of whether and how much to buy. The effect of past exposures on current purchases also suggests a carryover effect; a promotion in the current period will affect behavior in subsequent periods. Because the duration of these promo-Both reference pricing theories (Bell and Bucklin 1996; Jacobson and Obermiller 1990; Kalyanaram and Winer 1995) and inventory management models (Assuncao and Meyer 1993; Helsen and Schmittlein 1992; Krishna 1992 Krishna , 1994 ) make predictions regarding the long-term effect of promotions on stockpiling. However, these models often are estimated or predicated on shorter periods of data or fewer purchase cycles than we seek to analyze. Furthermore, these models do not partial the short-and long-term effects of promotions explicitly, nor do they disentangle purchase incidence and quantity effects directly. Concurrently modeling the decisions of whether and how much to buy (conditioned on incidence) offers additional insights over modeling expected purchase quantities alone (the product of incidence probabilities and conditional purchase quantities).
For example, consumers might reduce their incidence probabilities and increase their conditional purchase quantities (i.e., they might lie in wait for especially good deals). Such a strategy could yield constant expected purchase quantities even in the face of radically different stockpiling behavior. Solely modeling expected purchase quantities cannot capture this change because expected purchase quan3Not all long-term effects (Blattberg and Neslin 1989; Fader et al. 1992) can be considered persistent (Dekimpe and Hanssens 1995a, b). Our definition of long-term effects includes effects that decay over time (albeit over quarters or years). Persistent effects are permanent and enduring. tities would remain constant over time. The foregoing scenario therefore suggests that it is important to model the incidence and quantity decisions jointly and to capture any potential dependence that might exist between these decisions. The example also implicitly suggests why it is important to disentangle promotion's short-and long-term effects, as they might be very different. In the short term, a promotion increases sales in the week it is offered. In the long term, it might train consumers to lie in wait for a good deal. Purchase incidence decision. Reduced incidence probabilities are one component of a lying-in-wait heuristic (along with higher conditional purchase quantities), and there are several theories that suggest that a household's long-term exposure to promotions could reduce incidence probabilities. Reference price models suggest that increased discounting on previous purchase occasions results in lower reference prices on the current purchase occasion. Using this theory, Bell and Bucklin (1996) develop a "sticker shock" model of category purchase incidence. In their model, increased promotional exposure on prior store visits increases the reference "value" for the product category on the current store visit. Consequently, the difference between the category value and the reference value diminishes, which results in a reduced likelihood of a category purchase incidence. Therefore, increased long-term exposure to promotions might lead to a lower category purchase incidence probability on subsequent purchase occasions.
Future price expectations (as opposed to reference price) also affect stockpiling. Gonil and Srinivasan (1996) show that consumers develop expectations about coupon availability and further suggest that these expectations of coupons in future periods lead consumers to defer purchases on subsequent occasions. Jacobson and Obermiller (1990) also argue that past prices affect expectations regarding future prices. Analyzing five categories, they find that current purchase is discouraged by expectations of lower prices in the future. Consequently, we hypothesize the following: H1: Increased long-term exposure to promotions leads to lower off-deal purchase incidence probabilities.
Normative household inventory management models (Assuncao and Meyer 1993; Helsen and Schmittlein 1992; Krishna 1992, 1994) make several further predictions regarding the long-term effect of promotions on incidence behavior. These models suggest that consumers trade off the savings from purchasing on promotion with the added cost of stockpiling extra inventory. The use of promotions is a critical component in how this trade-off is made. Helsen and Schmittlein (1992) argue that consumers' reservation prices for making a category purchase drop as they are exposed to more promotions. Hence, as promotions become endemic, increasingly big promotions are needed to stimulate a purchase. Therefore, consumers forego many of the discounts and appear to be less promotion sensitive. Assunqao and Meyer (1993) echo this reasoning. They hypothesize that increasing expectations of a better deal in the near future increases the likelihood of foregoing a deal in the current period (resulting in lower promotion sensitivity). We therefore hypothesize the following: H2: Increased long-term exposure to promotions leads to lower (less positive) purchase incidence promotion sensitivity. Kalyanaram and Winer (1995) reason that, over time, promotions erode purchase probabilities by lowering reference prices and thereby increasing price sensitivity. As a result, consumers might be more reluctant to pay regular prices or tolerate price increases. Such arguments are consistent with a lie-in-wait strategy, in which consumers are less likely to buy at high prices as they learn to buy when prices are especially low. Therefore, H3: Increased long-term exposure to promotions leads to higher (more negative) purchase incidence price sensitivity.
The normative inventory management models also offer predictions regarding how increased promotions affect inventory sensitivity in the purchase incidence decision. Krishna (1992) suggests that, especially when promotions are common and inventory is high, households might be less likely to make a purchase. Gonul and Srinivasan (1996) show that households with excess inventory are more likely to defer purchases if the expectation of future promotion availability is high. We therefore hypothesize the following: H4: Increased long-term exposure to promotions makes consumers more sensitive to inventory levels in their purchase incidence decision (i.e., inventory sensitivity becomes more negative).
Purchase quantity decision. There are few prior research studies that lend direct theoretical or empirical insight into how promotions might affect category purchase quantities when conditioned on incidence (conversely, most prior research reviews the effect of increased promotional frequency on expected quantity, that is, the product of incidence and quantity conditioned on incidence). Helsen and Schmittlein (1992) and Assunqao and Meyer (1993) contend that consumers who are exposed to frequent promotions are only likely to buy in a category (purchase incidence) when there is a deep discount. Similarly, Krishna (1994) shows that consumer certainty and learning regarding future promotions results in consumers who wait for promotions to buy and then buy all the quantity necessary on those purchase occasions. Such reductions in incidence probabilities (see also Hi), coupled with increases in mean purchase quantities, would be indicative of a lying-in-wait heuristic. This strategy suggests that consumers learn to anticipate and react to good promotions. On finding one, they are more likely to purchase in the category and in larger amounts. Such patterns are likely to be especially common in categories in which consumption is relatively constant and goods are nonperishable-if consumers are buying less often, they must buy greater quantities when they make purchases. Accordingly, H5: Increased long-term exposure to promotions leads to higher purchase quantities conditioned on purchase incidence.
Our expectations regarding the anticipated long-term effect of promotions on conditional purchase quantity price and promotion sensitivities are more speculative. Because increases in long-term promotional exposure lead consumers to lie in wait for promotions and then buy larger amounts, we expect them to become increasingly price and promotion sensitive in their conditional quantity decision. Consistent with this assertion is Assuncao and Meyer's (1993, p. 528) observation that, when promotional frequency increases, "greater purchases at deal prices and fewer purchases at regular prices ... inflate the apparent short-term relationship between price and purchase." Analogous reasoning holds for promotion sensitivity. Therefore, H6: Increased long-term exposure to promotions leads to higher (more positive) conditional purchase quantity promotion sensitivity. H7: Increased long-term exposure to promotions leads to higher (more negative) conditional purchase quantity price sensitivity.
We expect little difference between the quantity and incidence decisions regarding the importance of inventory. Should promotions become increasingly common, households might become increasingly disinclined to buy large quantities when the product is already in inventory. Therefore, similar to H4, we expect that H8: Increased long-term exposure to promotions makes consumers more sensitive to inventory levels in their purchase quantity decision (i.e., inventory sensitivity becomes more negative).
The central thesis of these hypotheses is that past promotions affect current behavior and that consumers adapt to changes in their promotional environment. Yet econometric models of stockpiling behavior typically have assumed that household response parameters are invariant to marketing policy. Erdem and Keane (1996) denote such models "reduced form" and argue that they can lead to erroneous inferences regarding consumer behavior. We now outline a modeling approach that relaxes the assumptions of invariant household response parameters and enables us to assess whether stockpiling behavior indeed is affected by longterm exposure to promotions.
METHODOLOGY

Overview
To test our hypotheses, we develop a joint model of incidence and purchase quantity that has the following features: *Category incidence is modeled as a function of marketing variables (e.g., price) and household-specific variables (e.g., inventory), using a probit framework. *The incidence response parameters (e.g., price response) are modeled as a function of long-term exposure to marketing activity (e.g., past exposure to promotions). *Purchase quantity is modeled as a function of marketing and household-specific variables, using a regression framework. *The response parameters in the quantity model vary with longterm exposure to marketing activity. *The purchase incidence and quantity decisions are dependent. Nonpurchases result from a decision not to buy, not necessarily from zero desired purchase quantity (Maddala 1985 (Maddala , 1991 where superscript q is used to distinguish the variables and parameters in the purchase quantity model from the purchase incidence model, Qit is the quantity household i purchased at time t, x t is the value of explanatory variable 1 for household i at time t, Pqt is the effect of the lth explanatory variable for households i at time t, and eq is an error term.
Methodologically
As in the incidence model, we reparameterize the P9it as a function of the moderating factors hypothesized to affect these sensitivity parameters. Specifically, is the covariance of it and iq that captures the dependence between purchase incidence and purchase quantity. The o I represents the covariance between the Ith quantity parameter error and the mth incidence parameter error.
Several important features of the error structure should be noted. First, the error terms of the varying parameters in the incidence and purchase quantity models are correlated. Second, as suggested by Lee and Trost (1978) and Krishnamurthi and Raj (1988), the error terms in the incidence model are correlated with those in the quantity model to capture the dependence between the two decisions. Third, the parameter errors induce heteroscedasticity in both the incidence and quantity models. Fourth, we assume the errors to be serially independent in order to enhance the tractability of the model. This assumption is commonly employed in varying parameter models (e.g., Papatla and Krishnamurthi 1996). (The estimation procedure for the joint model in Equation 9 is available from the first author.)
DATA
The data used in this study are from an Information Resources Inc. static panel of 1590 households during a period of eight years. The households were located in a small midwestern city. The data, which were purchased by a large consumer packaged-goods firm, contain shopping (9) trip and store data. The product is a frequently purchased, nonfood product. We cannot reveal the specific category because of confidentiality agreements with the firm, but the product is a nonperishable staple, such as cleaning products. Eight brands in the category account for 90% of the purchases. More than 92% of the households purchased multiple brands over the duration of the data. Consistent with previous studies (Chintagunta 1993; Gupta 1988), we sampled approximately 100 households for analysis (by randomly selecting approximately one-fifteenth of the total households yielding a sample of exactly 109 households). Our unit of analysis is a shopping trip by a household. We observe whether they make a purchase in the category and, if so, the quantity purchased. The model is calibrated on 105,515 store visits and 3866 purchases made by these 109 households. The purchase frequency of this category is similar to that of other categories used in recent research (Papatla and Krishnamurthi 1996).
Operationalization of Variables
Price, promotion, and inventory. Category price (PRICE) was formed from brand-level shelf prices5 through a brandshare weighted average of brand prices. Category-level promotion (PROM) similarly was formed from brand-level promotions through a brand-share weighted average of brand promotions. These brand-share weights were calculated at the household level (Dillon and Gupta 1996; Gupta 1991; Jain and Vilcassim 1991) during the entire sample period. Similar to Boulding, Lee, and Staelin (1994), Bucklin and Lattin (1991), Bucklin and Gupta (1992) , and Siddarth, Bucklin, and Morrison (1995), we created a composite measure of a brand's promotional status. Brandlevel promotions were formed by averaging a brand's coupon,6 feature, display, and temporary price reduction dummy variables. Using a composite measure for promotions offers several advantages over separating the promotion variables. First, our substantive concern lies with the impact of promotions on stockpiling, and according to category managers, all of the promotional activities tend to induce stockpiling.7 Second, the composite measure substantially reduces the number of parameters to be estimated (by as many as 48 parameters, assuming no cross-parameter correlations), thereby enhancing the parsimony of the model and the reliability of the results. Third, the composite measure reduces the multicollinearity, resulting in more robust estimates (the correlation induced by splitting the promotion variable in our data was substantial; the determinant of the split promotion correlation matrix was .009). This collinearity is due to the tendency of manufacturers to increase their use of different promotional vehicles concurrently over time (The Marketer 1990). The remaining variable, household 5Prices are in nominal terms. The category average prices in 1992 were only 3% higher than those in the first quarter of 1984.
6Coupon availability for a brand was inferred from the coupon redemption information. When redemptions of a brand's coupons exceeded one standard deviation above the mean weekly redemptions for that brand, a coupon was said to be available (Mela, Gupta, and Lehmann 1997). A brand was said to be on feature, display, or temporary price reduction if any of its brand sizes were on promotion.
7The possibility that different types of promotions have different longterm effects is discussed in greater detail in the "Managerial Issues" section.
inventory level (INV), was inferred by the procedure outlined by Bucklin and Gupta (1992).
Long-term exposure to promotions. Our measure of longterm exposure to promotions (LTPROM) follows Papatla and Krishnamurthi's (1996). Specifically, we created a geometrically lagged series using the history of households' exposure to promotions on each shopping trip. The measure is also similar to Jacobson and Obermiller's (1990) adaptive model of expectations and therefore suggests that LTPROM also can be interpreted as a household's expectation of a deal arising in the subsequent period. Consequently, longterm exposure to promotions for household i at time t was operationalized as (11) LTPROMit = LTPROM,t -+ ( -X ) PROMi,t -i; 0 <<1, where PROMj,t _ l is the category-level promotion in shopping trip t -1 and k is the carryover effect, or lag coefficient, to be estimated. As X approaches one, all prior promotions are defined to carry equal weight, and the influence of a promotion does not decay over time. Smaller values for the carryover effect attenuate the long-term influence of promotions; as k approaches zero, promotions offered prior to t -1 are specified to have negligible influence. Note that the formulation in Equation 11, with the proper error assumptions, is equivalent to the distributed lag or Koyck model. We use the first year of data to initialize the long-term variable, because we have no information on households' exposure to promotions prior to their entering the panel. We use the remaining seven-and-one-quarter years of data to calibrate the model. Purchase incidence and conditional purchase quantity. Each shopping trip record contains data on whether a purchase was made in the category and the number and size of the units purchased, if applicable. From this information, an indicator variable was created for whether the household made any purchase in the category during the shopping trip. This variable served as our incidence measure. Conditional purchase quantity was obtained from the number of ounces bought by the household.
Model Specification
To assess how a household's price and promotion responses are affected by its long-term exposure to promotions, we first model the incidence utility for the category during a particular shopping trip as a function of price (PRICE), short-term promotion (PROM), and inventory (INV). Mean household purchase rate (PRATE) also was included as a control for cross-household heterogeneity.8 The utility function for category purchase incidence in Equation I is specified as U it = ^Pit + } it PROM it + it PRICEit + 03 INVit + P'PRATEi + eit 8Time-varying and fixed household purchase rate variables yielded virtually identical results in the incidence model; however, the model fit was slightly decreased for the time-varying purchase rate variable. Before discussing the results, it is helpful to restate our hypotheses in terms of our expectations regarding the y parameters in the incidence and quantity models. In Table 1 , we present a summary of our hypotheses regarding the expected signs of these coefficients.
The main effect of long-term promotions is equivalent to the effect of long-term promotions on the intercept in Equations 12 and 14. We standardized all of the independent variables to mean zero and variance one to facilitate comparison of effect sizes. Table 2 , we report the mean values for the key variables (unstandardized) of concern for both the first and second half of the data. Comparing marketing activity in each half of the data provides a concise overview of any potential changes in marketing policy. A clear shift in strategy is evident, as the frequency of promotions has increased notably over the duration of the data.
EMPIRICAL ANALYSIS AND RESULTS In
Figure 1 portrays mean promotions (percentage of store visits with a promotion) and mean purchase incidence rates (number of purchases over number of shopping trips) by quarter. A trend regression of the mean quarterly promotion series indicates that promotions have increased significantly over time (p < .001). A trend regression of the incidence data suggests that mean quarterly purchase rates across households have diminished over time (p < .001). Therefore, promotions have increased over time, whereas the likelihood of purchase incidence has diminished. Moreover, in the first half of the data, the mean price paid when a purchase incidence occurred was .03 cents/ounce less than when a purchase was not made. In the latter half of the data, as the frequency of promotions increased, the difference increased sevenfold to .21 cents/ounce. The tendency to seek out lower prices and buy larger purchase quantities offers further evidence of the lying-in-wait heuristic. Also consistent with this heuristic are the larger inventories that households carried in the second half of the data (see Table 2 ). Note that households' mean expected purchase quantities (the product of incidence likelihood and conditional quantity) remain constant over time, even though incidence rates and conditional quantities have changed (see Table 2 ). By analyzing consumers' incidence and conditional quantity decisions separately, we are able to uncover underlying changes obscured by their product (i.e., incidence probabilities decrease whereas conditional quantities increase). The constant level of expected purchase quantities is consistent with a pattern of constant consumption. Increasing expected quantities would be more consistent with a pattern of increased consumption.
Model Selection
We calibrated and compared several alternative incidence and quantity model specifications to assess whether (1) the long-term effect of promoting and (2) the parameter error structure add significantly to the model. Assessing whether long-term effects are significant is one of our core research concerns. The second issue is also important because no stockpiling studies (as opposed to choice; e.g., Gonul and Srinivasan 1993) to our knowledge have tested for the significance of stochastic parameters. In all models tested, we control for selectivity bias (i.e., the correlation between the incidence and conditional quantity decisions). We also allow the varying parameter errors to covary within13 and across14 the incidence and quantity equations. Because all the alternative specifications are nested, we use the likelihood ratio test to assess the best-fitting model. In Table 3 , we present a more detailed description of the various models tested, as well as their fit.
The results in Table 3 show that both the long-term effects and the parameter error structure contribute significantly to model fit in the incidence and quantity models. Table 3 also indicates that the gain in fit for the incidence model arising from long-term effects is similar to the gain for accommodating parameter error.
Short-Term Effects
In Table 4 , we present the estimated coefficients for the best-fitting model (the "short-and long-term effects with parameter errors" model in Table 3 ). As is expected, increased price significantly decreases both the propensity to purchase and the quantity purchased. The negative shortterm effect of price increases on category incidence and purchase quantity (see Table 4 ) has been well documented in some research, though other studies have found no effect of price on purchase timing or acceleration (Gupta 1991). Promotions have a significant positive effect on incidence and no effect on quantity. The stronger effect of promotion on 13We allow parameter errors to covary within the incidence and quantity models, because other researchers have found them to covary (Gniil and Srinivasan 1993). 14Parameter error correlations across the incidence and quantity models were constrained to common parameters (e.g., incidence price parameter error with quantity price parameter error). A nested test confirms the suspicion that cross-equation, cross-parameter errors do not improve the model fit significantly. 
the incidence decision is similar to Gupta's (1988) and Krishnamurthi and Raj's (1991) studies. Increased inventory significantly reduces purchase incidences. The negative effect of inventory on purchase incidence has been well documented in some research (Bucklin and Gupta 1992; Gupta 1988), whereas other studies have found no effect (Chintagunta 1993). The effect of inventory on purchase quantity is negative and strongly significant. Again, though seemingly intuitive, some studies have found little effect of inventory on purchase quantity (Gupta 1988 ). Finally, two of the control variables (mean purchase quantity and purchase rate) are strongly significant and correctly signed. The remaining control variable, loyalty, is insignificant. This finding is consistent with Bodapati, Lal, and Padmanabhan's (1997).
The strength and consistency of the short-term results help lend validity to our model findings.
Long-Term Effects
Inplied duration of promotions. We performed a grid search to obtain the best-fitting value for the lag parameter, k. The likelihood maximizing estimate for the promotional lag is .96. To assess the duration of the long-term effect of promotions, we calculated the implied 90% duration interval (Clarke 1976 ) for this value of lag and compared it to studies that assess the long-term effect of promotions on choice. With a decay parameter of .96, the implied 90% duration interval (Clarke 1976 ) is approximately 56 store visits, or 21 weeks. This result is similar to the duration interval estimated by Mela, Gupta, and Lehmann (1997), who find the 90% decay interval of both long-term promotional and advertising effects on brand choice to be approximately 2.58 quarterly periods, or 33 weeks. Our decay estimate is also similar to, but less than, the advertising decay found in Clarke's (1976) study, of approximately 39 weeks, which suggests that promotions have a slightly less enduring effect.
The long-term impact of promotions on category purchase incidence. H1 suggests that the main effect of a household's long-term exposure to promotions on its likelihood of purchase incidence is negative. The coefficient for the main effect of long-term promotions is negative and strongly significant (see Table 4 ).
H2 suggests that, in the long term, promotions will make households less promotion sensitive, and as is expected, we observe a negative and significant result for the long-term effect of promotions on promotion sensitivity. This result confirms our premise that consumers seem to be more willing to forego promotions, presumably because they expect a better deal to be just around the corer. H3 argues that pro- motions will make households more price sensitive in the incidence decision, and the result is nearly significant in a one-tailed test. The finding implies that it is becoming increasingly difficult to maintain or raise prices as promotions become more common. Although the sign of the long-term effect of promotions on inventory sensitivity is as predicted, the relationship is not significant. Therefore, H4 is not supported.
The long-term impact of promotions on conditional purchase quantity. As is hypothesized in H5, the long-term effect of promotions on average quantity bought, given a purchase incidence, was significantly positive. This result, combined with the finding that the long-term effect of promotions on purchase incidence is negative, provides further evidence for the lying-in-wait heuristic.
Our speculative hypothesis, H6, regarding the effect of promotions on promotion sensitivity is not supported. This finding, coupled with the insignificant short-term effect of promotions on quantity, is consistent with Gupta's (1988) finding that promotions play a greater role in the incidence decision than they do in the quantity decision. H7 is supported, which suggests that households are becoming more price sensitive in the conditional quantity decision as promotions become more common.
Inventory sensitivity increases as promotions become more commonplace, which weakly supports H8 (p < .16). This result indicates that households burdened with large inventories are likely to purchase lower quantities in response to increased long-term exposure to promotions. This result might account, to some degree, for the insignificant result regarding the effect of inventory in studies such as Gupta's (1988) . In categories in which promotions are infrequent, inventory might not play a significant role in stockpiling behavior.
Managerial Issues
Assessing long-and short-term incidence and quantity price and promotion elasticities. Our empirical results suggest that promotions have a positive short-term effect on stockpiling. They also indicate that the long-term effect of promotions is negative on incidence and positive on quantity. It is not clear, however, if the short-term gains from promotions outweigh the long-term losses and whether incidence accounts for more of the promotions' effects than quantity. We address these issues by running a simulation to decompose the total impact of a 1% increase in price and promotions into short-and long-term effects and into incidence and quantity effects.
To obtain the price decomposition, we employ the following procedure: Let Q0 be the simulated purchase quantity using actual data. Let Qi be the simulated purchase quantity, given a 1% price increase in the incidence model and no price increase in the conditional quantity model. Let Q2 be the simulated purchase quantity, given a 1% price increase in both the incidence and purchase quantity models (Guadagni and Little 1983) . The total price elasticity, mlt, is (Q2 -Qo)/1l Similarly, the incidence price elasticity, rl, is (QI -Qo)/l. The quantity price elasticity is then the difference between the total elasticity and the incidence elasticity, rlt -mrl. We follow the same procedure to decompose promotional response into an incidence and a quantity promotional elasticity. In this simulation, the promotion variable was increased by 1%, and the long-term promotional variable was updated accordingly. The incidence and quantity effects were separated as outlined previously. To partial the short-and long-term effects of promotion, we constrained the long-term promotion variables to be unchanged while increasing the short-term promotional variable by 1%. This simulation enabled us to calculate the short-term effects of promotions on incidence and expected quantity. The longterm effect of promotions then is obtained by taking the difference between the total effect of promotions and the short-term effect of promotions. The results of these simulations are presented in Table 5 .
The overall stockpiling price elasticity is -.64, which is lower than Tellis's (1988) meta-analytic mean price elasticity of-1.76. We suspect our lower mean arises from modeling category incidence and quantity price elasticities, as opposed to brand switching elasticities (Gupta 1988) , which often are found to be greater in magnitude. Consistent with Gupta's (1988) work, the incidence elasticity (-.38) is greater than the quantity elasticity (-.26).
The estimated short-term promotional elasticity is .12. The low elasticity arises from the relatively modest increase represented by a 1% change in the frequency of promotions. We further observe that the combined long-and short-term elasticity of promotions is zero. In this category, stockpiling induced by promotions in the short term is essentially offset by reduced demand in the long term. In essence, increased sales are more the result of borrowed future sales than increased consumption, and there is no category expansion effect. The long-term effects are consistent with our hypotheses; in response to increasing promotions in the long term, households are buying more product, less often. This result suggests an increased sophistication on the part of households in their ability to buy on promotion (i.e., lying in wait).
Managerial implications. The insights arising from both our simulation and model have several important manageri-al implications regarding the profitability of promotions.15 The simulation suggests that, in the long term, promotions do not increase category demand. Because promotions cost a great deal, it seems apparent that promotions reduce category profitability. As a caveat, we note that this observation might not be surprising. In mature product categories, promotions are designed to induce stockpiling and brand switching rather than increase category demand. However, the long-term effect of promotions on primary demand has implications for this competitive game. The finding that promotions do not tend to increase category demand suggests that promotions might lead to more of a prisoner's dilemma problem than was previously suspected.
Our consumer model also explicitly suggests some behavioral mechanisms by which promotions can undermine profitability in the long term. First, promotions increase price sensitivity. The increase constrains category profitability because it becomes more difficult to raise prices. Second, promotions lead to greater inventories, thereby suppressing demand in subsequent, nonpromoted periods. As a result, the likelihood of nonpromoted purchases decreases, which further reduces category profitability. Third, promotions become increasingly less effective, making it necessary to offer more costly promotions in the future. Fourth, the pattern of lying in wait for promotions (buying more, less often) leads to greater volatility in sales. This volatility exacerbates the task of managing inventories, thereby increasing costs and further reducing category profitability. Each of the behavioral changes brought about by promotions has conspired to induce potentially serious, albeit unintended, consequences for managers.
In summary, our analysis has several important ramifications for managers regarding how promotions affect category profitability in the long term. Furthermore, many of the behavioral findings regarding consumer stockpiling provide novel insights into how promotions affect sales. Many of these long-term implications have been theorized widely, yet our analysis is one of the first to offer empirical substantiation of these theories.
Comparing the long-term effects of price and nonprice
promotions. An additional issue of managerial interest pertains to whether different types of promotions have different long-term effects on stockpiling. For example, manufacturers might want to know whether price-oriented promotions have a greater tendency to induce consumers' lie-in-wait behavior over the long term. Were price-oriented promotions the primary drivers of such behaviors, managers might want to alter their promotional mix. Because of the near multicollinearity of long-term promotions in our data (determinant of split promotion quantity model regressors = .0006), we were unable to test directly for these differential effects by including price and nonprice promotions in the same model. Consequently, we reestimated our model by redefining promotion as price promotions. We then repeated the analysis by redefining promotions as nonprice promotions. Although subject to variable omission bias, the results of both models were nearly identical to the results of the composite model. Using a paired comparison t-test, we found none of the parameters to be significantly different (p < .05) 15We are grateful to an anonymous JMR reviewer for motivating this discussion and providing many of these implications. across models. However, as the long-term promotional strategies were too highly correlated in our data to assess confidently how such effects differ, we recommend that manufacturers consider "decoupling" their differing promotional activities in certain test markets to explore more fully whether price and nonprice promotions have differing longterm effects on stockpiling.
CONCLUSIONS
Contributions
The goal of this study is to assess the long-term effect of promotions on consumer stockpiling behavior. Such an analysis complements recent research into how increasing promotions have affected consumer brand choice. To analyze how such increases affect stockpiling behavior, we generate several hypotheses regarding how increases in the frequency of promotions affect households' decisions regarding whether and how much to buy. These hypotheses lead us to develop a joint model of purchase incidence and purchase quantity in which households' responsiveness to price and promotion are allowed to vary with changes in households' exposure to promotions over long periods of time. Given the longitudinal nature of the research question, we calibrate this model on an eight-and-one-quarter-year scanner panel.
We hypothesize that households develop price expectations on the basis of their prior exposure to promotions over a long period of time, such as months or years. We argue that these expectations, coupled with the costs of inventorying product, affect consumer purchase timing and purchase quantity decisions. We assert that increasing expectations of future promotions lead to (1) a reduced likelihood of purchase incidence on a given shopping trip and (2) an increase in the quantity bought when a purchase is made. This strategy is consistent with a consumer learning to wait for especially good deals and then stockpiling when those deals occur. Overall, our results are consistent with these hypotheses.
The result that consumers adapt buying strategies has an important analytical implication previously raised by Assuncao and Meyer (1993), Erdem and Keane (1996) , and others. Traditional optimization methods use marketing mix response functions to determine optimal pricing and promotion. However, after a policy is developed, the consumers adapt, which possibly leads to new optima. Erdem and Keane (1996) suggest that the failure to accommodate dynamics in behavior leads to bias in the estimates of policy outcomes. By accommodating changing behavior, structural model approaches such as ours take an important step toward enabling estimates of optimal levels of marketing activity.
Finally, we offer several insights regarding the long-term effect of promotions on category profitability. Promotions lead to higher price sensitivities, reduced promotional efficacy, greater inventories, and higher demand volatility. These effects all conspire to hurt category profits. Although many prior studies have theorized such effects, ours is among the first to document them.
Further Research
Our results and analyses suggest several extensions. First, our model is calibrated on one category in one market. As additional data sets with a sufficient history of promotional activity and purchasing behavior become available, generalizability of our results across categories will become feasible. Second, our theory assumes that households develop a knowledge of prices on the basis of prior exposure to promotional activity. Such an assumption might be reasonable (Krishna 1991) , but it could benefit from more thorough testing. Third, long-term exposure to promotions also might affect consumption and purchase rates. Some early shortterm work has been done in this area (Ailawadi and Neslin 1998; Assuncao and Meyer 1993; Wansink and Deshpande 1994) and could benefit from taking a varying parameter approach.
The recent interest in research into the long-term effects of promotions and the opportunities that remain for additional research suggest that this research stream will prove fruitful in years to come. We hope that other studies will continue to use the long streams of scanner panel data that are increasingly available to explore further the longitudinal dimension of consumer behavior. The limited amount of research regarding the long-term effects of marketing activity, when compared to the substantial body of work regarding short-term effects, suggests that such exploration can continue to yield high dividends to researchers and managers.
